Volatile organic compounds (VOCs) emitted from stool are the components of the smell of stool representing the end products of microbial activity and metabolism that can be used to diagnose disease. Despite the abundance of hydrogen, carbon dioxide, and methane that have already been identified in human flatus, the small portion of trace gases making up the VOCs emitted from stool include organic acids, alcohols, esters, heterocyclic compounds, aldehydes, ketones, and alkanes, among others. These are the gases that vary among individuals in sickness and in health, in dietary changes, and in gut microbial activity. Electronic nose devices are analytical and pattern recognition platforms that can utilize mass spectrometry or electrochemical sensors to detect these VOCs in gas samples. When paired with machine-learning and pattern recognition algorithms, this can identify patterns of VOCs, and thus patterns of smell, that can be used to identify disease states. In this review, we provide a clinical background of VOC identification, electronic nose development, and review gastroenterology applications toward diagnosing disease by the volatile headspace analysis of stool.
INTRODUCTION

Medical perception of smell
Fundamental to a clinician's diagnostic ability is our mastery of the five senses of perception: sight, sound, touch, taste, and smell. Throughout the history of medicine, the ability to maximize the use of these senses has been ever evolving. Sight is the most often utilized sense with advanced medical imaging, such as computed tomography and magnetic resonance imaging, which allows us to look beyond the superficial to peer deep within the human body. However, smell has long been used to detect disease. Hippocrates, the father of medicine, characterized the pungent stench of melena as early as 400 BCE [1] . Traditional Chinese and Arab physicians noted distinct urinary scents in diseases such as diabetes [2] . In the late 19 th century, Nobel laureate Robert Koch, the father of germ theory, identified distinctive smells associated with cultured microorganisms and infected wounds [2, 3] . In 1971, Nobel laureate Linus Pauling, with the use of analytical tools, quantified volatile organic compounds (VOCs) emitted off a sample of breath and urine vapor, launching a new era of volatile and smell research [4] . In 1989, Williams and Pembroke [5] reported an unusual case of a patient with melanoma that was diagnosed through smell by a canine. This case was unique as it was diagnosed by the patient's dog, which continuously sniffed at a suspicious lesion on her leg, and one day attempted to bite it off. This led to numerous canine trials in which dogs were successfully trained to detect colorectal cancer [6] , lung and breast cancer [7] , ovarian cancer [8] , bladder cancer [9] , and, most recently, thyroid cancer [10] by merely smelling patients and their samples that they provide. Canines are thought to genetically possess 20 times as many olfactory receptors as humans [11] , and it is undisputed that the canine's perception of smell far surpasses that of humans.
Perhaps our limited sense of smell as humans has prevented us from directly smelling and diagnosing disease. The smell of Clostridium difficile (C. difficile)-infected stool has been thought to be distinct enough for human diagnoses, and initial studies suggested that healthcare workers were able to distinguish this malady. In one study, a questionnaire was given to 138 nurses whose patients' stool samples had been tested for C. difficile. Based on responses, the staff were able to discern C. difficile-infected stool with 55% sensitivity and 83% specificity, with a negative predictive value of 92% [12] . A similar study found that nursing staff correctly identified C. difficile in 31 of 37 cases, with a sensitivity of 84% and a specificity of 77% [13] . A canine study fared even better, with a trained beagle achieving 83% sensitivity and 98% specificity in identifying 25 of 30 cases of C. difficile and 265 of 270 controls in the hospital setting [14] . Ultimately however, prior human studies detecting C. difficile by odor were criticized for unblinded study designs. In a controlled study, 18 nurses who evaluated 10 stool samples (5 C. difficile-positive and 5 C. difficile-negative) outside of a clinical context performed no better than by chance alone. Their sensitivity was 26% and specificity 69%. Furthermore, there was no correlation with the level of confidence or the years of nursing experience with predictive outcome [15] . Clearly, our innate sense of smell may be the weakest of our perceptive abilities for medical diagnosis. However, through technological advances in the past few decades, there have been recent developments in tools to extend our ability to smell.
Volatile analytical platforms
The modern era of gas analysis and odor detection started with the advent of combination gas chromatography and mass spectrometry (GC-MS) in the early 1950s [16, 17] . In 1952, Nobel laureate Archer John Porter Martin described the process of GC, which is a chromatographic process of separating gases through a liquid-gas interface. Using an absorbent column coated with a liquid sample (known as the stationary phase), an inert carrier gas such as nitrogen is used to help carry gases from the stationary phase in a heated column (the mobile phase). Over time, gases vaporize at different rates, and the retention time, or the difference in time that a gas leaves the column, can be used to analyze its composition [16] . When coupled to a mass spectrometer, different gases within the sample can be individually identified.
The process of quadrupole mass spectrometry was described by Nobel laureate Wolfgang Paul in 1953. This technique uses four metal rods that generate a varying electromagnetic field surrounding an ion path passing between these metal rods. Ions such as those generated from a preceding GC sample can be separated by their mass-to-charge (m/z) ratios, as only certain ions at a given quadrupole setting can successfully pass through this mass filter to reach a detector, while others collide with the metal rods ( Figure  1) . A detector can separate the ions as peaks based on mass-to-charge ratio, which can thus be used to identify the composition of samples by comparing against a library of standards [17, 18] . Initial limitations of GC-MS included the inability to adequately capture VOCs, which often escaped into the atmosphere at the time of collection. In 1971, Linus Pauling developed a cryogenic trap to condense volatiles using liquid nitrogen and was able to first successfully quantify VOCs on the breath and urine [4] . In the following years, absorptive fibers were developed for use in solid phase microextraction (SPME), which skips the use of a liquid phase, and is now commonly used to trap VOCs for subsequent desorption and mass spectrometry [3] . GC-MS is not without its limitations, however, as it is fraught with complexity, requires trained personnel, has a high capital and operating cost, and as such has not ever fully developed into a mainstream medical diagnostic tool [19] . Indeed, at our institution, clinical GC-MS for VOC detection is used today only by toxicology to evaluate for volatile alcohols. In an effort to overcome the barriers of GC-MS, new modifications to ionization techniques have allowed for performance of real-time or online mass spectrometry. These platforms have simplified the workflow to allow for direct sample acquisition to minimize VOC loss and include such techniques as proton-transfer-reaction MS (PTR-MS), selected ion flow tube MS (SIFT-MS), ionmolecule reaction spectrometry (IMR-MS), secondary electrospray ionization MS (SESI-MS), and fieldasymmetric ion mobility spectrometry (FAIMS) [20] [21] [22] [23] . These newer techniques build on the principle of MS, and vary the ionization methods and ion interactivity to measure and identify volatiles without pre-concentration or separation steps.
PTR-MS uses H3O + as a primary ion source that is mixed with a continuously provided sample of air. Gases that have a proton affinity greater than water will accept the proton. This has the advantage of not requiring pre-concentration and separation of the target gas, as well as not being affected by high concentrations of N2, CO2, O2, or H2O, which is common in breath samples [24] . SIFT-MS also utilizes a proton-transfer reaction for ionization; however, it uses NO + and O2 + in addition to H3O + as primary ions to allow for further resolution and increased specificity of volatiles. This is achieved by evaluating differences in interactivity with respective selected ions among compounds that would otherwise have overlapping mass-to-charge ratios with H3O + alone. SIFT-MS also provides rapid identification of volatiles within seconds of analysis, which is particularly suited for real-time breath analysis [25] . Ion molecule reaction spectrometry (IMR-MS) has been used in breath and gas analysis because of its ionization method that reduces sample fragmentation. By using electrostatic lenses, IMR-MS can filter for ions generated from the primary ion source, such as krypton or xenon, to have kinetic energy below a threshold of fragmenting potential analyte gases. With initial MS ionization techniques, high kinetic energy imparted in the process caused fragmentation of samples, which would generate complex compounds with overlapping mass-to-charge peaks and be unsuitable for complex volatile analysis. IMR-MS is a soft ionization technique that reduces fragmentation [26] . Electrospray ionization (ESI) is used in SESI-MS and is likewise a soft ionization mass spectrometry technique that initially used a radioactive source of ionized gas, which has since been adapted for use with a nonradioactive source [27] . Finally, ion mobility spectrometry (IMS), which can be used with SESI and MS, is also a method that separates gases based on travel time within a drift tube that measures an ion's drift velocity in a carrier gas against an electric field gradient. FAIMS utilizes this principle, but also applies an asymmetric electric field gradient to displace an ion toward an electrode. By applying a certain voltage, this deflection can be corrected, and the ion reaches the detector. The required voltage to correct a deflection can be used to identify volatiles based on the ion's mobility coefficient. This property is consistent at atmospheric pressure and allows for ambient analysis of volatiles, a useful property for the potential capability of handheld or portable application [28] . An example of FAIMS output from the Owlstone (Cambridge, United Kingdom) Lonestar device is depicted in Figure 2 .
Electronic nose
A wide variety of analytical spectrometric devices are commercially available; however, the capital cost and the technical training required to operate these devices make their use within clinical medicine generally limited to large research centers. In an effort to create machine olfaction that more closely resembles canine and human olfaction and one that may be more widely applied, developers in the 1980s turned to using electronic sensors to nonspecifically capture and characterize VOCs in patterns [29] . In 1994, Gardner et al [30] defined the term electronic nose as an instrument composed of an array of electronic chemical sensors with partial specificity and a pattern-cognition system capable of recognizing simple or complex odors. Conceptually, instead of attempting to capture and analyze individual gases as with mass spectrometry, Figure 1 Quadrupole mass filter schematic: ionized gas enters the quadrupole through a slit and interacts with charged metal poles. Based on mass and charge, different ionized gases successfully pass through a second slit to a detector that measures the mass-to-charge ratio of the ionized gas (solid arrow), while other ionized gases will collide with metal rods and will not reach the detector (dotted line and asterisk).
Ionized gas
To detector breath analysis in 10 minute's time. This device also has wireless connectivity via Bluetooth that can provide rapid results via transmission of data to a cloud-based platform for pattern recognition and analysis. Current advanced Aeonose applications include pulmonary tuberculosis screening by VOC breath testing [42] . An example of the Aeonose output is depicted in Figure  3 . Most recently, the Vantage Sensor, which uses carbon nanotube electronic nose technology licensed from NASA, is being used to screen for lung cancer and marijuana use by breath analysis. This also is designed as a portable platform with wireless Bluetooth connectivity similar to the Aeonose [43] . Using the same technology as portable electronic noses, benchtop electronic noses have the disadvantage of being immobile; however, these platforms can be coupled to analytical devices, creating a unique analytical and pattern-recognition workflow. The Heracles, FoxGemini, Ulys, and Airsense devices are platforms that offer coupling between gas chromatography and mass spectrometry (Alpha M.O.S., Toulouse, France) [44] .
Analytical spectrometry platforms currently are being applied for pattern recognition. This includes Lonestar, a FAIMS device (Owlstone Nanotech, Cambridge, United Kingdom), and Voice 200, a SIFT-MS device (Syft Technologies, Middleton Christchurch, New Zealand), which have adopted operating modes more consistent with an electronic nose paradigm by selective VOC analysis and employing a pattern-recognition workflow. Indeed, the concept of the electronic nose can now encompass both spectrometric analytical and electrochemical patternrecognition platforms.
Fecal headspace
Through the use of electronic nose analytical platforms and pattern-recognition devices, much has been studied over the years to identify VOCs on the breath and urine to diagnose gastrointestinal (GI) diseases. However, investigation of fecal VOCs has been relatively limited. The fecal headspace, or VOCs emitted by stool, these electronic noses interact with the sum of the individual VOCs to generate an aggregate smell signature. For example, rather than trying to detect each component of red wine such as ethanol, benzoic acid, and tannins, the new devices would just find the pattern for all the components of red wine. By looking at groupings of electronic VOC interactions and relying on new techniques in machine-learning and artificial intelligence for pattern recognition, electronic noses have been able to identify and characterize smell [30] . Today, electronic noses designed to be portable and easy to use are available commercially for medical diagnostic application. The most studied device is the Cyranose 320 (Sensigent, Baldwin Park, CA, United States). Recently developed devices also include the Aeonose (The eNose Company, Zutphen, Netherlands) and the Vantage Sensor (Vantage mHealthcare, New York, NY, United States).
The Cyranose 320 was the first handheld electronic nose developed and utilizes an array of carbon black filament sensors for VOC detection. Operating with its own power supply, this device was the first to allow for portable analysis and has been used in numerous pilot studies as a potential point-of-care device [31] [32] [33] [34] [35] [36] [37] [38] [39] [40] [41] . The Aeonose-a point-of-care, hand-held, metal-oxide sensor electronic nose-has an ergonomic design with a disposable mouthpiece that allows subjects to breath directly into the sensor array to provide a real-time represents a unique intersection of the final pathways of nutrition and digestion, normal and pathologic metabolism, and activity of the gut microbiome, which increasingly has been thought to be associated with disease.
lITeRaTURe ReseaRCh
In a review of the literature from 2000 through 2014 of VOC analysis of fecal headspace, we identified 23 studies after searching databases including EMBASE, IEEE, MEDLINE, PubMed, Scopus, and Web of Science for terms inclusive of "gastrointestinal disease," "electronic nose," and "fecal headspace," or "stool." Overwhelmingly, these studies were able to separate out healthy control and disease states, and most impressively in the cases of inflammatory bowel disease (IBD) and celiac disease, able to also discern between active and quiescent disease [45, 46] . The following section examines the GI conditions distinguishable by fecal headspace VOC analysis.
IDeNTIFICaTION OF GasTROeNTeROlOGICal CONDITIONs
Colorectal cancer
Changes in the colonic microbiome in the setting of advanced adenoma and colorectal cancer (CRC) are thought to create distinct volatile environments likely due to bacterial dysbiosis [47] . VOC detection proved to be one of the most reliable screening methods for early CRC detection when compared to other biomarkers, including tissue DNA and protein biomarkers [48] . This observation was based on a canine study, in which a Labrador retriever specially trained in scent detection evaluated watery stool samples from 37 individuals with CRC, and detected CRC with 91% sensitivity and 99% specificity compared to colonoscopy [6] . In an electronic nose-based study, De Meij et al [41] were able to discriminate between advanced adenomas and CRC. Of the stool samples collected from 157 patients, 40 had CRC, 60 had advanced adenomas, and 57 were healthy controls (Table 1) . Using a Cyranose 320 electronic nose device, they were able to distinguish CRC patients from healthy controls with 85% sensitivity and 87% specificity, and for advanced adenomas from healthy controls, 62% sensitivity and 86% specificity. Identification of specific stool VOC biomarkers has yet to be established. In contrast to other specimens, numerous volatiles have been identified with CRC in blood [49] , breath [50] [51] [52] [53] , and urine [54, 55] . Whether these volatiles are the result of microbiome changes in the setting of advanced adenoma or CRC, or as a direct metabolic byproduct, remains to be determined.
IBD and irritable bowel syndrome
Analysis of patients with IBD, including Crohn disease (CD) and ulcerative colitis (UC), has been the most studied application of fecal headspace analysis. These studies were able to identify the presence of IBD, and even more impressively, were able to distinguish with up to 90% to 100% accuracy the degree of disease activity associated with IBD [45] (Table 2) . Furthermore, the often clinically indistinguishable irritable bowel syndrome (IBS) could be separated from IBD with a sensitivity of 76% and specificity of 88% for distinguishing IBD in one study [56] ; another study showed 96% sensitivity and 80% specificity that active IBD could be distinguished from inactive CD and UC individually and grouped [57] . Cauchi et al [58] studied CD, UC, and IBS patients as a group and analyzed samples of serum, breath, urine, and stool for headspace analysis using GC-MS. They found that CD was the most distinguishable among these conditions, and that fecal headspace was the best specimen type to assess for disease activity. The differences found among specimens were so pronounced in favor of fecal headspace analysis that they suggested future CD volatile studies be directed solely at the fecal headspace. Walton et al [59] also used GC-MS to characterize the fecal headspace of patients with active CD, UC, and IBS and found elevated concentrations of ester, indole, and alcohols of short-chain fatty acids in CD patients with active disease. Once treated, these CD patients assumed profiles more consistent with healthy controls. It is postulated that these VOC changes reflect the immunologic attack and subsequent dysbiosis of microbiota in active CD. Direct speciation and pathogenesis of these observed increases in VOCs as in CRC remain to be determined. In individuals with IBS, it is speculated that overpopulation of unfavorable bacteria may induce abnormal bacterial fermentation, causing symptoms de Meij et al [41] 2014 Colorectal cancer Advanced adenomas 0.79 -62% 86% 60 57 de Meij et al [41] 2014 Colorectal cancer Colorectal cancer 0.92 -85% 87% 40 57 de Meij et al [41] 2014 Colorectal cancer Colorectal cancer: Advanced Adenomas 0.92 -75% 73% 40 57 de Meij et al [41] 2014 Colorectal cancer Advanced adenomas + colorectal cancer 0.92 -85% 68% 40 57 Colorectal cancer pooled mean: 0.89 -77% 79% --If no control is specified, the comparison is against a healthy control.
of gas, bloating, abdominal discomfort, and diarrhea. In 2013, Ahmed et al [57] conducted a study using GC-MS that showed that VOCs from individuals with IBS were distinctly different from healthy individuals and those with IBD. A higher number of esters and organic acids were noted in the IBS group, compared to those with CD who demonstrated an increased number of aldehydes. Physiologically, changes of esters and organic acids are thought to be due to altered microbial interaction with dietary substances; however, aldehydes were observed as a byproduct of inflammation that correlated with IBD and not with IBS. This study was able to distinguish a difference between IBS patients and healthy controls with a level of accuracy approaching 94%. [57] 's observations however, Walton et al [59] also characterized the fecal VOCs of IBS patients to healthy controls, as well as to CD and UC patients, but found no statistically significant differences in VOC concentrations. Other recent studies could not reliably distinguish IBS from healthy controls, with sensitivities only in the 50% range [56, 58] (Table 3 ).
Contrary to Ahmed et al
These findings support that metabolic, microbial, and inflammatory changes all play a role in IBD. The lack of inflammatory changes in IBS may be a distinguishing factor for VOC identification of IBS; however, the discordant results between IBS and healthy controls suggest that further studies are needed. VOC analysis of CD patients suggests strong evidence of a fecal headspace correlation with inflammation, microbial response, and disease quiescence and inflammation resolution.
Infectious diarrhea
Microorganisms responsible for causing infectious diarrhea that have been identified by fecal headspace analysis include C. difficle, Campylobacter jejuni, Vibrio cholera, and Rotavirus (Table 4) . Of these, C. difficle has been the most studied of the group. In 2004, Probert et al [60] used GC-MS to rapidly identify VOC profiles associated with C. difficile, C. jejuni, and Rotavirus. C. difficile-infected stool was found to be associated with furan species, which was thought to be due to Clostridia species fermenting fructose and producing furanose. C. jejuni-infected stool had an abundance of phenols, indoles, and organic acids, and [58] 2014 IBD Crohn disease 0.97 85% 93% 78% 24 20 Cauchi et al [58] 2014 IBD Ulcerative colitis 0.54 58% 43% 69% 19 20 de Meij et al [45] 2014 IBD Crohn disease, active 0.85 -86% 67% 29 28 de Meij et al [45] 2014 IBD Crohn disease, remission 0.94 -94% 94% 29 28 de Meij et al [45] 2014 IBD Ulcerative colitis, active 1.00 -100% 100% 26 28 de Meij et al [45] 2014 IBD Ulcerative colitis, remission 0.94 -94% 94% 26 28 de Meij et al [45] 2014 IBD Crohn disease, active:ulcerative colitis, active 0.96 -97% 92% 29 26 de Meij et al [45] 2014 IBD Crohn disease, remission:ulcerative colitis, remission 0.81 -88% 72% 29 26 Walton et al [59] 2013 IBD Crohn disease ----22 19 Walton et al [59] 2013 IBD Ulcerative colitis ----20 19 de Meij et al [69] 2013 IBD Crohn disease 0.98 -92% 100% 9 10 de Meij et al [69] 2013 IBD Ulcerative colitis 0.75 -75% 77% 10 10 De Preter et al [70] 2011 IBD IBD ----11 11 Garner et al [61] Shepherd et al [56] 2014 IBS IBS --54% -104 137 Cauchi et al [58] 2014 IBS IBS 0.63 61% 51% 71% 28 20 Ahmed et al [57] Rotavirus-infected stool had a ubiquitous association with ethyl dodecanoate, though its connection with the virus is unclear.
In 2007, Garner et al [61] used GC-MS to identify
VOCs produced in patients with UC, C. jejuni, and C. difficile infections. There were 297 volatiles identified, 44 of which were conserved between 80% of subjects. About 60% of VOCs were conserved over a 2-wk period, suggesting that a portion of VOCs were generated irrespective of day-to-day changes in diet and likely represented production of resident microbiota. Between disease groups and healthy donors, VOCs were distinctly different. Interestingly, there were decreased total VOCs in patients with C. difficile (149), C. jejuni (183), and UC (145) compared to controls. It is hypothesized that, due to shorter transit time in disease states, perhaps less VOC biosynthesis occurs in these conditions. Because of the wide array of VOCs identified, selected compounds were used as biomarkers for discriminant analysis to cluster samples into each disease state. This led to a classification with about 96% sensitivity. This study demonstrated that measured fecal VOCs likely do not represent individual end-products of the disease organism, but rather the composite microenvironment generated by infection from this organism. It also suggested that the headspace volatile environment is indeed very complex, and that single biomarker approaches to identify disease are likely oversimplified. To challenge this notion however, Tait et al [62] developed a method to process stool using SPME and GC-MS to identify a specific volatile: 2-fluoro-4-methylphenol. This VOC was produced in C. difficilepositive samples after a processing protocol that required alcohol shocking of stool samples with 0.5 mL of stool mixed with 0.5 mL of 95% ethanol for 30 min. This was followed by centrifugation at 13000 g and removal of ethanol, and inoculation of solid residue into 10 mL of meat broth to culture overnight to elicit VOC production. Despite promising results demonstrating 83% sensitivity and 100% specificity as a single biomarker, the process described required 18 h, which is outmoded by relatively rapid and currently available PCR-based testing and newer application of electronic nose devices.
With an understanding that VOCs are more optimally recognized in aggregation, recent studies have turned to identifying aggregate patterns of VOCs using electronic nose devices. Rather than relying on GC-MS to identify individual compounds, electronic noses distinguish aggregate patterns of VOCs for pattern recognition of disease states. In 2014, McGuire et al [63] used an electronic nose with gas chromatography and applied their findings through an artificial neural network for pattern recognition, discriminating C. difficile-positive and negative stool with 85% sensitivity and 80% specificity. In our own experience, we used the Aetholab, a commercial electronic nose device (The eNose Company, Zutphen, Netherlands) in a preliminary study of 20 C. difficile PCR-positive stool and 53 C. difficile PCR-negative stool. In a similar approach using an artificial neural network for pattern recognition, we were able to classify the stool with 80% sensitivity, 85% specificity, and 84% accuracy [64] .
Other GI conditions
An assortment of other GI conditions also has been assessed using fecal headspace analysis, including celiac disease, nonalcoholic fatty liver disease, necrotizing enterocolitis, and pelvic radiation toxicity. These pilot studies are presented in Table 5 . Di Cagno et al [46] most notably demonstrated that the efficacy of celiac disease control based on gluten-free diets modulated the intestinal microbiota and subsequent fecal VOC profiles, correlated using bacterial 16S-DNA sequencing. This important observation suggests that dietary consumption may not only have a direct influence on fecal microbiota, but also on the subsequent VOCs detectable in the headspace of stool.
DIsCUssION
The experience of fecal VOC analysis thus far has been represented prototypically by studies in C. difficile. Initial analytical discrimination with studies using McGuire et al [63] 2014 Diarrhea Clostridium difficile -83% 85% 80% 50 50 Tait et al [62] 2013
Diarrhea Clostridium difficile --83% 100% 77 23 Al-Kateb et al [71] 2012
Diarrhea Rotavirus ----27 53 Garner et al [72] 2009
Diarrhea Vibrio cholera ----6 3 Garner et al [61] 2007
Diarrhea Clostridium difficile --96% -22 30 Garner et al [61] 2007
Diarrhea Campylobacter jejuni --96% -31 30 Probert et al [60] 2004
Diarrhea Clostridium difficile --83% 97% 6 6 Probert et al [60] 2004
Diarrhea Campylobacter --100% 92% 5 6 Probert et al [60] 2004
Diarrhea Rotavirus --100% 97% 5 6 Probert et al [60] 2004
Diarrhea Non-Rota enteritis --63% 96% 19 6 Diarrhea pooled mean: -83% 88% 94% --If no control is specified, the comparison is against a healthy control. AUC: Area under the curve.
GC-MS have helped characterize VOCs to allow for greater understanding of C. difficile and its effect on the microbiome and fecal headspace [60, 61] . Once these VOCs were identified in initial studies, further studies using electronic nose approaches have abstracted aggregate VOCs for pattern recognition [63, 64] . This has provided a demonstration of a potential workflow to create a VOC diagnostic method from bench analysis toward a point-of-care electronic nose application.
Analytical devices using GC-MS and newer mass spectrometry techniques remain the gold standard in reproducibly identifying specific VOCs. However, numerous platform-dependent limitations remain a barrier for clinical adoption. GC-MS is expensive, requires significant technical expertise to operate, requires offline sampling, and is relatively slow and immobile. Newer mass spectrometry techniques add advantages of online or potential real-time sample acquisition; however, they remain relatively expensive and often sacrifice precision in VOC profiling as a trade-off for online operability [65] . Electronic nose devices have the advantage of being portable, easy to use, relatively inexpensive, suitable for point-of-care use, and more rapid in operation [65] . For example, the Aetholab electronic nose device (The eNose Company, Zutphen, The Netherlands) was used by our group for C. difficile fecal headspace analysis. This runs samples over 20-min cycles. We have performed breath testing with the Aeonose (The eNose Company, Zutphen, The Netherlands), a hand-held electronic nose unit, which samples breath in real-time and operates over 10-min cycles.
Although the processing is rapid, electronic noses also have limitations. Because of their reliance on electronic sensors that interact with aggregate VOCs through various electrochemical reactions, this puts them at risk for variances in sensor performance or even manufacture or calibration. Because of numerous sensor types, and thus different signal responses per type of device, findings from one electronic nose are not comparable to that of a different device or sensor type [65] . In fact, questions about reliability even among devices of the same sensor type and model have been raised (i.e., variances in operating or testing conditions, sensor drift) [66] . Some of these limitations are being overcome by controlling design variance, developing transferable calibration models between devices to allow for standardization of signals, and to allow inter-operability between electronic noses of the same sensor type. This limitation has not been overcome between different sensor types, however, which limits the generalizability of electronic nose-generated data to specific device models [67] . Furthermore, operating environment and testing conditions pose great variability that may directly influence the VOC production of the samples themselves.
Garner et al [62] tested for C. difficile in samples processed using GC-MS, and recovered similar VOCs from frozen stool after seven days' time. In our studies, batches of C. difficile PCR-positive and PCR-negative stool were assessed on a weekly basis for 4 wk. After two freeze-thaw cycles (freezing at -20 ℃, with ambient rewarming to room temperature), VOCs became difficult to detect on Aetholab testing. While the compounds of the stool itself remained intact, the active metabolic byproducts within the microbiota of the stool were halted with freezing, and likely did not recover with thawing.
Our observations suggest that the aggregate VOCs tested for C. difficile infection were not likely due to C. difficile itself, but rather to the microbial community surrounding a C. difficile-infected individual. As such, sample handling, storage, processing, and even buffering should take into account the likelihood that VOC analysis may be a representation of a living signal rather than a static compositional signal. Experimental design and controlling sample acquisition play a significant role in the reproducibility and reliability of VOC detection in the headspace of stool.
Finally, with regard to pattern recognition, machine learning, and validation, the advent of new analytical techniques (such as artificial neural networks) that have made multivariate VOC biomarker association possible comes with a risk of over-fitting large data sets, which may generate spurious associations [68] .
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January 28, 2016|Volume 22|Issue 4| WJG|www.wjgnet.com Di Cagno et al [46] 2009 Celiac disease Treated celiac disease ----7 7 Di Cagno et al [46] 2009
Celiac disease Untreated celiac disease ----7 7 Di Cagno et al [46] 2009 Celiac disease Treated:Untreated celiac disease ----7 7 Garner et al [73] 2009
Enterocolitis Necrotizing enterocolitis ----6 7 Raman et al [74] 2013
Liver disease NAFLD ----30 30 Bjarnason et al [75] 2009
Liver disease NAFLD ----7 9 Covington et al [76] 2012 Radiation toxicity Low GI pelvic radiation toxicity -90% --10 11 Covington et al [76] 2012 Radiation toxicity High GI pelvic radiation toxicity -90% --11 12 Covington et al [76] 2012 Radiation toxicity Low GI pelvic radiation toxicity -80% --8 11 Covington et al [76] 2012 Radiation toxicity High GI pelvic radiation toxicity -80% -- 10 12 If no control is specified, the comparison is against a healthy control. NAFLD: Nonalcoholic fatty liver disease; AUC: Area under the curve; GI: Gastrointestinal.
Indeed, most studies to date have been touted as significantly accurate with impressive performance characteristics; however, most studies have generated these metrics on training sets, and without large validation sets. Some studies have used cross-validation using leave-some-out approaches to predict how these models might operate in an independent setting, but most studies lack the test of scrutiny of using a blinded unknown test set to truly determine performance characteristics. This needs to be performed and the algorithms shown to be robust before translational applications can be fully realized. Nevertheless, the potential application of electronic nose platforms for volatile analysis is immense. By continuing to harness computational and technological innovations, these platforms are bringing the sense of smell back to medical diagnostics. The advent of miniaturized hand-held devices powered by rechargeable batteries (with the potential for future offline pattern recognition) may make widespread medical diagnostic testing available, with deployment in rural, community, and even developing countries. Because of the continued application of machine learning, electronic noses have the potential over time to expand their diagnostic repertoires to diagnose multiple conditions simultaneously on noninvasive specimens generated from volatile samples, including stool, breath, and urine.
CONClUsION
Despite the limitations of VOC analysis, greater clinical interest and wider adoption will allow for more clinical trials to independently validate many observations already reported. With validation, application will follow, which will elevate the sense of smell into the realm of medical diagnosis. With continuing developments in pattern recognition, mass spectrometry, and electronic nose technology, we are embarking on a tremendous frontier of metabolic and microbial knowledge gleaned from the volatile headspace of stool.
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